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Abstract
In this paper, an attempt has been made to optimize the process parameters for multi-responses (material removal rate, MRR and 
surface roughness) in plasma arc cutting (PAC) of EN 31 steel using weighted principal component analysis (WPCA). For 
surface roughness characteristics, five different surface roughness parameters (centre line average roughness: Ra, root mean 
square: Rq, skewness: Rsk, kurtosis: Rku and mean line peak spacing: Rsm) are considered. Three process parameters viz. gas 
pressure, arc current and torch height are considered. The experimental plan is based on Taguchi L27 orthogonal array (OA). To 
convert the multi-responses problem to a single response optimization problem, WPCA is applied to compute a multi-response 
performance index (MPI) and then MPI has been optimized using Taguchi method. The optimum combination of process 
parameters has been found for maximum MRR and minimum surface roughness and verified through a confirmation test. Also, 
ANOVA is carried out and it is seen that the gas pressure is the most significant factor followed by arc current.
© 2014 The Authors. Published by Elsevier Ltd.
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1. Introduction
Plasma arc cutting (PAC) is a non-conventional manufacturing process capable of processing a variety of 
electrically conducting materials. The plasma arc cutting process severs metal by using a constricted arc to melt a 
localized area of a work-piece, removing the molten material with a high-velocity jet of ionized gas issuing from the 
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constricting nozzle. Stainless steel, manganese steel, titanium alloys, copper, magnesium, aluminium and its alloys 
and cast iron can be processed. It uses a high energy stream of dissociated, ionized gas, known as plasma, as the heat 
source [1]. In this cutting process, an inert gas is blown with high speed out of a nozzle; at the same time, an 
electrical arc is formed through that gas from the nozzle to the surface, being cut turning some of that gas to the 
plasma. The plasma melts the material being cut and swiftly moves blowing molten metal away from the cutting 
zone [2]. Higher quality of plasma arc cutting can be achieved by manipulating the speed and the cutting current [3-
6]. For any machining process, material removal rate (MRR) and surface roughness are of great concern. From the 
economic point of view, it is obvious that MRR should be the maximum in any industrial purpose. On the other 
hand, surface roughness plays an important role for the tribological operation of any component. It has large impact 
on the mechanical properties like fatigue behavior, corrosion resistance, creep life etc. Some literatures, which deal 
the modeling, analysis of plasma arc cutting process, are presented here. 
Salonitis and Vatousianos [7] have studied the influence of machining parameters, viz., cutting speed, cutting 
current, plasma gas pressure and torch height on the surface roughness, heat effected zone and conicity of the cut 
geometry in plasma arc cutting of S235 mild steel and also developed a regression model. Bhuvenesh et al. [8] have 
optimized air pressure, cutting current, cutting speed and arc gap with consideration of multiple performance 
characteristics including material removal rate (MRR) and surface roughness using Taguchi technique in plasma arc 
cutting of AISI 1017 steel. Balasubrarnanian et al. [9] have developed a mathematical model to predict percentage 
dilution using response surface methodology (RSM) in plasma transferred arc cutting (PTA) of carbon steel 
AISI1040 and stainless steel 316L work piece. Moarrefzadeh [10] has investigated the thermal effect of plasma arc 
cutting, which depends on the plasma, gas type and temperature field of it in work piece and simulated the process 
parameters using ANSYS. Nemchinsky and Severance [11] have studied the plasma arc cutting (PAC) process in 
detail. Yang [12] has found out the optimum machining parameters for plasma surface hardening of ASSAB 760 
steel material using Taguchi design and obtained the maximum depth of hardened zone and hardness. Wang et al. 
[13] have analyzed the influence of process parameters on kerf characteristics in dual swirling plasma arc cutting on 
mild steel plate using a numerical control 3-D processing system. Dashkovskiy et al. [14] have developed a model 
describing the heat process in work piece due to plasma cutting. This model can be determined temperature 
distribution and geometry of the work piece. Ismail and Taha [15] have optimized arc current, scanning velocity and 
carbon content of steel plasma arc surface hardening and roughness of ASSAB 618 and ASSAB DF3 steels using 
Taguchi technique. Radovanovic and Madic [16] have developed an artificial neural network (ANN) model using 
cutting current, plate thickness and cutting speed as three input neurons, to predict the output neuron-surface 
roughness Rz values for plasma arc cutting operation of stainless steel, aluminium and nickel.
It is seen that there is scarcity of literatures which deal the modelling of process parameters in plasma arc cutting. 
The literature survey also reveals the fact that the centreline average roughness (Ra) has been the focus of the 
investigations. However, a surface generated by machining is composed of a large number of length scales of 
superimposed roughness [17] and generally characterized by three different types of parameters, viz., amplitude 
parameters, spacing parameters and hybrid parameters. Amplitude parameters are measures of the vertical 
characteristics of the surface deviations and examples of such parameters are centre line average roughness, root 
mean square roughness, skewness, kurtosis, peak-to-valley height etc. Spacing parameters are the measures of the 
horizontal characteristics of the surface deviations and examples of such parameters are mean line peak spacing, 
high spot count, peak count etc. On the other hand, hybrid parameters are a combination of both the vertical and 
horizontal characteristics of surface deviations and example of such parameters are root mean square slope of 
profile, root mean square wavelength, core roughness depth, reduced peak height, valley depth, peak area, valley 
area etc. Thus consideration of only one parameter like centre line average roughness (Ra) is not sufficient to 
describe the surface quality though it is the most commonly used roughness parameter. The present study considers
five different roughness parameters, viz., centre line average roughness (Ra), root mean square roughness (Rq), 
skewness (Rsk), kurtosis (Rku) and mean line peak spacing (Rsm) for the surface texture generated in PAC of EN 
31steel.
In this paper, an attempt has been made to optimize the process parameters, viz. gas pressure, arc current and 
torch height in PAC considering the multiple responses (MRR and surface roughness) using weighted principal 
component analysis (WPCA). L27 orthogonal array (OA) experimental design is used in the present study. ANOVA 
is performed to get contribution of each parameter on the performance characteristics. Confirmation test is 
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conducted to check the validation of optimal process parameters. 
2. Weighted principal component analysis (WPCA) method
Su and Tong [18] and Antony [19] have proposed a new method called principal component analysis (PCA) to 
optimize the multi-response problem. They have used a PCA method to transform the normalized multi-response 
value into uncorrelated linear combinations. After obtaining the linear combinations, the principal components can 
be formed. In the application of PCA method, this selected component is regarded as an index in order to 
conveniently optimize the multi-response problem and to gain the best combination of factors/levels. However, there 
are still two shortcomings in the PCA method. First, when more than one principal component is selected whose 
eigen value is greater than 1, the required trade-off for a feasible solution is unknown; and second, the multi-
response performance index cannot replace the multi-response solution when the chosen principle component can 
only be explained by total variation. In order to overcome these two main shortcomings in the PCA method, the 
present study deals with weighted principal components analysis (WPCA) method [20]. In this WPCA method, all 
components are taken into consideration in order to completely explain variation in all responses. WPCA method 
uses the explained variation as the weight to combine all principal components in order to form a multi-response 
performance index (MPI) [21]. Then, the best combination of factors/levels will easily be obtained. The details of 
WPCA method have been omitted here for the brevity of the paper.
3. Experimental procedure
3.1. Experimental setup
Experiments are conducted on the CNC plasma arc cutting (EPP-450, 380 V and 50/60 Hz) with PT-36 (Torch) 
supplied by ESAB. Air is used for the cutting gas and special electrodes made from water-cooled copper with inserts 
of metals (hafnium) are used. Mechanized torches are mounted on a computer-controlled cutting machine. Usually a 
standoff is maintained between the torch tip and work piece for best-cut quality. Rectangular block of 80 mm X 15 
mm and 10 mm height made of EN 31 steel which is a high carbon alloy steel with high degree of hardness, 
compressive strength and abrasion resistance is selected as work piece. In this study, three processing parameters 
viz., gas pressure (A), arc current (B) and torch height (C) are used as control factors and each parameter is designed 
to have three levels with equal spacing as shown in Table 1. The response variables considered in the present study 
are MRR and surface roughness characteristics. For surface roughness characteristics five different roughness 
parameters viz. centre line average roughness (Ra), root mean square (Rq), skewness (Rsk), kurtosis (Rku) and mean 
line peak spacing (Rsm) are considered. Roughness measurement is done using a stylus-type profilometer, Talysurf 
(Taylor Hobson, Surtronic 3+). Surface roughness is an important parameter in the PAC process. MRR is expressed 
as the ratio of weight difference of the work piece before and after machining to the machining time and in the 
present study it is measured by weight loss of the material and expressed by gm/sec. 
3.2. Design of experiment (DOE)
Design of experiments (DOE) technique is used to obtain and organize the maximum amount of conclusive 
information from the minimum amount of experimental run, time, energy, money, or other limited resource. By 
applying this technique, it is possible to reduce the required time and number of experiments significantly for 
experimental investigations. In Taguchi method [22, 23], an orthogonal array (OA) is employed to reduce the 
number of experiments for determining the optimal machining process parameters. An OA requires the minimum 
number of experimental trials to determine the main effect as well as interaction effects of parameters 
simultaneously. The choice of a suitable OA design depends on the total degrees of freedom (DOF) required for 
studying the main and interaction effects. DOF refers to the number of fair and independent comparisons that can be 
made from a set of observations. In present study, to check the DOFs in the experimental design, for the three-level 
test, the three main factors take 6 [3 X (3 í@'2)V7KH'2)IRUWKUHHVHFRQGRUGHULQWHUDFWLRQV$;%$;&
B X C) is 12 [3 X (3 í;í@DQGWKHWRWDO'OFs required is 18 (6+12). Here the L27 OA (DOFs 26) has been 
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selected because as per Taguchi method, the total DOFs of selected OA must be greater than or equal to the total 
DOFs required for the experiment.
       Table 1. Design factors and their levels
Design factors Unit Notation
Levels
1 2 3
Gas pressure bar A 5 6 7
Arc current amp B 180 190 200
Torch height mm C 2 4 6
4. Result and discussion
The experimental results for MRR and five surface roughness parameters (Ra, Rq, Rsk, Rku and Rsm) are given in 
Table 2. At first, quality losses are computed and transformed into S/N ratios for each response variable for all 27 
trials. Then, the S/N ratios are scaled into 0 to 1 interval. For MRR parameters higher-the-better (HB) criteria and 
five surface roughness parameters lower-the-better (LB) criteria have been selected. The scaled S/N ratio values are 
given in Table 2. Table 3 represents Pearson’s correlation coefficient between the responses. In all cases, non-zero 
value of correlation coefficient indicates that all response features are correlated to each other. In order to eliminate 
response correlation, PCA has been applied and for this STATISTICA 8.0 software is used. Table 4 represents 
results of PCA (eigen value, eigen vector, accountability proportion and cumulative accountability proportion). Then 
correlated responses have been converted into uncorrelated quality indices called principal components. First, 
second, third, four, fifth and six principal components corresponding to a trial (i) are then computed as follows:
i
1 i1 i2 i3 i4 i5 i6Z 0.429 Y 0.523 Y 0.513 Y 0.109 Y 0.055 Y 0.514 Y u  u  u  u  u  u        (1)
i
2 i1 i2 i3 i4 i5 i6Z 0.185 Y 0.018 Y 0.015 Y 0.584 Y 0.789 Y 0.020 Y  u  u  u  u  u  u        (2)
i
3 i1 i2 i3 i4 i5 i6Z 0.358 Y 0.116 Y 0.188 Y 0.759 Y 0.486 Y 0.102 Y u  u  u  u  u  u        (3)
i
4 i1 i2 i3 i4 i5 i6Z 0.800 Y 0.245 Y 0.279 Y 0.265 Y 0.369 Y 0.123 Y  u  u  u  u  u  u        (4)
i
5 i1 i2 i3 i4 i5 i6Z 0.110 Y 0.279 Y 0.459 Y 0.002 Y 0.017 Y 0.836 Y  u  u  u  u  u  u        (5)
i
6 i1 i2 i3 i4 i5 i6Z 0.027 Y 0.758 Y 0.642 Y 0.031 Y 0.019 Y 0.103 Y  u  u  u  u  u  u         (6)
where, i1Y , i2Y , i3Y , i4Y , i5Y and i6Y are the scaled S/N ratio values of MRR and surface roughness respectively for 
ith trial. 
The weighted sum of the principal components, i.e. multi-response performance index (MPI) corresponding to 
trial (i) is then calculated, as follows:
i i i i i i
1 2 3 4 5 6MPI 0.566 Z 0.193 Z 0.157 Z 0.055 Z 0.021 Z 0.008 Z u  u  u  u  u  u        (7)
The computed MPI values corresponding to 27 trials are listed in Table 5.
The level averages on the MPI are given in Table 6. As the larger value of MPI indicates better quality, so the 
optimum combination of process parameters is obtained as A3B3C2 considering the maximum value of level 
average of each factor. Fig. 1 represents the main effect plot of process parameters on MPI. In the main effects plot, 
if the line for a particular parameter is near horizontal, then the parameter has no significant effect. On the other 
hand, a parameter for which the line has the highest inclination will have the most significant effect. It is very much 
clear from the main effects plot that parameter A (gas pressure) is the most significant parameter, while B (arc 
current) and C (torch height) have some contribution.
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  Table 2. Experimental data for MRR and roughness and normalized experimental data
Experimental data for MRR and roughness Normalized data for MRR and surface roughness 
characteristics
Exp. 
No.
MRR 
(gm/sec)
Ra
(μm)
Rq
(μm) Rsk Rku
Rsm
(mm) MRR Ra Rq Rsk Rku Rsm
1 1.850 1.848 2.376 0.298 3.888 0.111 0.5985 0.7454 0.6444 0.2681 0.4431 0.7601
2 1.333 2.018 2.494 0.750 4.010 0.124 0.2793 0.6524 0.5953 0.0302 0.3320 0.6335
3 1.425 1.966 2.458 0.218 3.806 0.141 0.3446 0.6799 0.6101 0.3489 0.5197 0.4844
4 1.001 3.742 4.492 0.051 3.65 0.204 0.0000 0.0000 0.0000 0.7231 0.6702 0.0555
5 1.672 1.998 2.513 0.232 3.989 0.138 0.4998 0.6629 0.5879 0.3338 0.3509 0.5094
6 1.044 3.110 4.004 0.341 3.623 0.205 0.0409 0.1954 0.1164 0.2336 0.6965 0.0499
7 1.703 1.985 2.548 0.211 3.845 0.117 0.5179 0.6696 0.5737 0.3576 0.4831 0.7010
8 1.175 1.704 2.136 0.369 4.266 0.115 0.1562 0.8312 0.7522 0.2138 0.1095 0.7211
9 1.500 1.84 2.214 0.143 4.130 0.127 0.3941 0.7499 0.7159 0.4595 0.226 0.6058
10 1.632 3.000 3.655 0.523 3.510 0.214 0.4763 0.2335 0.2086 0.1235 0.8108 0.0000
11 1.780 1.868 2.382 0.288 4.088 0.128 0.5609 0.7339 0.6419 0.2774 0.2632 0.5967
12 2.793 1.522 1.926 0.177 3.354 0.090 1.0000 0.9504 0.8569 0.4039 0.9742 1.0000
13 1.859 1.864 2.476 0.289 3.880 0.110 0.6031 0.7363 0.6027 0.2771 0.4505 0.7727
14 1.732 1.896 2.442 0.225 4.188 0.118 0.5343 0.7183 0.6167 0.3407 0.1763 0.6912
15 1.427 1.812 2.142 0.225 3.640 0.113 0.3453 0.7659 0.7493 0.3409 0.6800 0.7414
16 2.210 1.620 2.194 0.273 3.330 0.100 0.7717 0.8845 0.7251 0.2918 1.0000 0.8833
17 1.760 1.784 2.164 0.219 3.870 0.125 0.5499 0.7826 0.7390 0.3487 0.4598 0.6243
18 2.145 1.452 1.83 0.843 3.680 0.100 0.7427 1.0000 0.9086 0.0000 0.6407 0.8833
19 1.895 1.780 1.672 0.328 3.943 0.091 0.6222 0.7849 1.0000 0.2439 0.3923 0.9928
20 2.065 1.806 2.352 0.485 4.398 0.101 0.7056 0.7697 0.6547 0.1427 0.0000 0.8718
21 1.616 1.910 2.358 0.299 4.326 0.115 0.4667 0.7105 0.6521 0.2671 0.0593 0.7211
22 1.423 1.926 2.428 0.469 3.937 0.127 0.3430 0.7017 0.6225 0.1515 0.3984 0.6058
23 1.899 1.686 2.17 0.245 3.67 0.107 0.6239 0.8423 0.7362 0.3185 0.6505 0.8048
24 1.696 1.564 2.032 0.173 3.587 0.117 0.5138 0.9216 0.8027 0.4089 0.7331 0.7010
25 1.483 1.834 2.578 0.245 3.637 0.099 0.3832 0.7537 0.5619 0.3185 0.6833 0.8892
26 1.98 1.71 2.106 0.195 3.801 0.115 0.5454 0.7849 0.6616 0.2384 0.0677 0.662
27 1.98 1.69 2.002 0.018 3.798 0.116 0.3744 0.8398 0.8177 1 0.5273 0.711
Fig.1. Main effects plot for MPI
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          Table 3. Correlation among response variables
Sl. 
No.
Correlation 
between 
responses
Pearson correlation 
coefficient Comment
Sl. 
No
Correlation 
between 
responses
Pearson 
correlation 
coefficient
Comment
1 MRR and Ra 0.665
Both are 
correlated 9 Ra and Rsm 0.902
Both are 
correlated
2 MRR and Rq 0.621
Both are 
correlated 10 Rq and Rsk -0.072
Both are 
correlated
3 MRR and Rsk -0.219
Both are 
correlated 11 Rq and Rku -0.134
Both are 
correlated
4 MRR and Rku 0.155
Both are 
correlated 12 Rq and Rsm 1.000
Both are 
correlated
5 MRR and Rsm 0.675
Both are 
correlated 13 Rsk and Rku 0.175
Both are 
correlated
6 Ra and Rq 0.947
Both are 
correlated 14 Rsk and Rsm -0.114
Both are 
correlated
7 Ra and Rsk -0.118
Both are 
correlated 15 Rku and Rsm 1.000
Both are 
correlated
8 Ra and Rku -0.105
Both are 
correlated
     Table 4. Eigen values, eigen vectors, accountability proportion (AP) and cumulative accountability proportion (CAP) computed
MRR Ra Rq Rsk Rku Rsm
Eigenvalue 3.3964 1.1579 0.9401 0.3316 0.1248 0.0490
0.4292 0.5230 0.5130 -0.1089 -0.0549 0.5133
-0.1850 -0.0183 -0.0146 -0.5837 -0.7899 -0.0204
Eigenvector 0.3582 -0.1161 -0.1878 -0.7591 0.4859 -0.1024
-0.8001 0.2453 0.2796 -0.2647 0.3689 0.1228
-0.1102 -0.2788 -0.4587 0.0024 0.0173 0.8362
-0.0272 0.7580 -0.6423 0.0312 -0.0198 -0.1028
AP 0.5660 0.1929 0.1566 0.0552 0.0208 0.0081
CAP 0.5660 0.7590 0.9157 0.9710 0.9918 1.0000
          Table 5. Calculated MPI values
Exp. No. A B C MPI Exp. No. A B C MPI Exp. No. A B C MPI
1 1 1 1 0.61404 10 2 1 1 0.11611 19 3 1 1 0.80295
2 1 1 2 0.55100 11 2 1 2 0.56667 20 3 1 2 0.75685
3 1 1 3 0.41866 12 2 1 3 0.79782 21 3 1 3 0.59958
4 1 2 1 -0.26429 13 2 2 1 0.60189 22 3 2 1 0.53478
5 1 2 2 0.46831 14 2 2 2 0.56569 23 3 2 2 0.65087
6 1 2 3 -0.02233 15 2 2 3 0.54380 24 3 2 3 0.60159
7 1 3 1 0.50809 16 2 3 1 0.69318 25 3 3 1 0.55002
8 1 3 2 0.60504 17 2 3 2 0.57253 26 3 3 2 0.63131
9 1 3 3 0.50419 18 2 3 3 0.88865 27 3 3 3 0.39069
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          Table 6. Level average on MPI
Factor A B C
Level 1 0.37585 0.58041 0.46186
Level 2 0.59404 0.40892 0.59647
Level 3 0.61318 0.59374 0.52473
4.1.Analysis of Variance (ANOVA)
Analysis of variance (ANOVA) is a statistical technique that can infer some important conclusions on the basis 
of analysis of the experimental data. The method is very useful for revealing the level of significance of influence of 
factor(s) or interaction of factors on a particular response. Analysis of variance is carried out on the MPI values 
shown in Table 7. ANOVA table shows the percentage contribution of each parameter. It is seen that parameter A 
(gas pressure) has the most significant effect on MRR and surface roughness followed by B (arc current). Similarly, 
the interaction of parameter A X B has got the strong influence while interaction A X C has got some contribution 
on responses.
Table 7. ANOVA on MPI
Source of variance Degree of freedom Sum of squares Mean of square F-ratio % contribution
A 2 0.31288 0.15644 3.81 20.121
B 2 0.19123 0.09562 2.33 12.298
C 2 0.08165 0.04083 1.00 05.251
AXB 4 0.39333 0.09833 2.40 25.294
AXC 4 0.19133 0.04783 1.17 12.304
BXC 4 0.05653 0.01413 0.34 03.635
Error 8 0.32806 0.04101
Total 26 1.55501
4.2. Confirmation test
A confirmation test is carried out in order to validate the result. A comparison between the initial parameter 
combination and optimum combination is shown in Table 8. From the table it is clear that the total S/N ratio of 
optimum combination is higher than the initial parameter combination and it is about 54%. It is well known that 
regardless of the category of the performance characteristics, a higher S/N ratio always corresponds to a better 
performance. Hence the result of confirmation test ensures the better performance of the optimum design.
         Table 8. Results of confirmation test
Initial parameter combination Optimal parameter combination
Level A2B2C2 A3B3C2
MRR 1.732 1.98
Ra 1.896 1.71
Rq 2.442 2.106
Rsk 0.2255 0.1952
Rku 4.187 3.801
Rsm 0.118 0.115
Total S/N ratio 10.5176 16.1826
Improvement of S/N ratio = 5.6650dB (54%)
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5. Conclusion
The machining process parameters (gas pressure, arc current and torch height) are optimized in order to 
maximize MRR and minimize the surface roughness in plasma arc cutting of EN 31 steel. Weighted principal 
component analysis (WPCA) is successfully employed with Taguchi design of experiments to optimize this multiple 
response problem. The optimum process parameter combination is obtained as A3B3C2 (highest level of gas
pressure, highest level of arc current and middle level of torch height). From ANOVA, it is seen that the gas
pressure is the most influencing parameter that significantly affects MRR and surface roughness characteristics
followed by arc current. Among the interactions, interaction between gas pressure (A) and arc current (B) has the 
maximum contribution on responses. The confirmation test ensures the improvement of S/N ratio from the initial to 
optimal condition and the improvement is about 54%. From this study, it can be concluded that the proposed 
methodology can be treated as a very effective and powerful approach to tackle multiple response problems in 
industrial experiments.
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